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Abstract We address the problem of learning to locomote
in modular robotic systems, i.e. systems made from multiple
homogenous or heterogenous and highly autonomous mod-
ules being assembled into a bigger robotic structure, other
than monolithic robots (such as humanoid robot systems or
predeﬁned quadruped robots). We are particulary interested
in online learning of robust and adaptive locomotion for ar-
bitrary robotic structures. We are using Central Pattern Gen-
erators (an approach inspired by nature coping with redun-
dancies in animal bodies and the easy generation of loco-
motion patterns) in combination with a gradient-free opti-
mization method (Powell’s method). We applied our ap-
proach on three different robot conﬁgurations, interesting
locomotion modes are obtained after running the optimiza-
tion for less than 60min. Our CPG model can be imple-
mented easily in a distributed system among the modules
with a low demand for computational power, it exhibits limit
cycle behaviour (temporary perturbations are rapidly forgot-
ten), the CPG produces smooth trajectories when control pa-
rameters are abruptly changed, and it is robust against im-
perfect communication between modules. As a testing and
application platform we have developed the modular robotic
system YaMoR. Among other key features it provides wire-
less communication among the several YaMoR units based
on a specially developed Scatternet Protocol (SNP). As for
the future use as an autonomous reconﬁgurable system (Self-
Reconﬁgurable Modular Robots) we are exploring reconﬁg-
uration strategies based on a central approach using graph
signatures.
Introduction As for all mobile robots, one of the key fea-
tures for a modular robot is robust locomotion. Designing
efﬁcient locomotion controllers for such modular systems is
however a difﬁcult and unsolved problem. Their locomotion
control suffers from all the traditional difﬁculties of locomo-
tion control in robots with multiple degrees of freedom. Ad-
ditional difﬁculties arise due to their modular structure. (Self-
reconﬁguring) modular robots are not necessarily optimized
for a speciﬁc locomotion tasks (sub-optimal in terms of bal-
ance and mass distribution, sufﬁcient actuation, alignment
and amount of degree of freedom). Therefore the control
of locomotion requires multi-dimensional coordinated rhyth-
mic patterns that need to be correctly tuned such as to satisfy
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Figure 1: Example of abrupt parameter changes in the CPG model.
Output signals θi of the 5 oscillators (top). Amplitude state vari-
ables ri (second from top). Offset state variables xi (third from
top). Phase differences Δφi = φi+1 − φi between neighbor oscil-
lators (bottom).
multiple constraints: the capacity to generate forward motion
possibly with low energy consumption, without falling over,
while adapting to possibly complex terrain (uneven ground,
obstacles), and while allowing the modulation of speed and
direction.
Locomotion control We propose a framework for learning
locomotion controllers based on two components: a central
pattern generator and a gradient-free optimization algorithm:
Powell’s method (Press et al., 1994). Central pattern genera-
tors (CPGs) are neural networks capable of producing coor-
dinated patterns of rhythmic activity without any rhythmic
inputs from sensory feedback or from higher control cen-
ters (Delcomyn, 1980). We present a CPG based on a sys-
tem of N coupled amplitude-controlled phase oscillators with
N being the number of connected active modules per robot
conﬁguration. See Fig. 1 for an example of 5 oscillators cou-
pled in series, while control parameters are being abruptly
changed. Our CPG is implemented and tested on our YaMoR
modular robotic system. A YaMoR module has one actuated
degree of freedom (RC hobby servomotor, 1.1Nm torque),
can be mechanically attached up to 5 other modules (using a
pin and groove system, see Fig. 2 for a 8-module assembly),
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Figure 2: Quadruped robot assembly for 8 YaMoR modules (right)
and its CPG structure (left). Solid lines show the bidirectional cou-
plings between oscillators. The inner nodes (1, 3, 5 and 7) form a
closed loop of interoscillator couplings.
has a self-sufﬁcient power supply for approx. 1.5 h and on-
board computation abilities, and communicates wirelessly
with other modules via Bluetooth (Moeckel et al., 2006).
Each module is programmed to run one nonlinear oscillator
to control the oscillations of its servomotor. Nonlinear oscil-
lators are coupled together across modules using Bluetooth
communication to obtain speciﬁc gaits, i.e. synchronized pat-
terns of oscillations among modules. Different stable gaits
can be obtained by adjusting the parameters of the CPG that
determine the frequency, amplitude and phase lag of oscilla-
tions.
Online optimization CPGs are also a good substrate for
online optimization, a property that we focuse on in this para-
graph. Indeed an optimization algorithm, in our case Pow-
ell’s method, can run in parallel to the CPG and regularly
update its parameters via Bluetooth. Even so the updates
representing abrupt changes, the CPG produces trajectories
that smoothly converge towards the new limit cycle after a
short transient period. Hence there is no need to stop or re-
set the robot between iterations. We focus on online opti-
mization, i.e. learning while moving other than using a sim-
ulation or a model of our robot and the environment. As a
ﬁrst reason the transfer from a simulation/model to the real
world is often problematic due to difﬁculties in modeling
complex environments (parameters for friction and contact
models; inhomogenious friction in real world; backlash and
offsets in the motors; uncertainties in actuaction e.g. due to
decreasing battery power). Second, it allows learning a lo-
comotion gait for a new, previously unknown conﬁguration
such as after self-reconﬁguration or self-assembly. Third, the
locomotion gait may be continuously adapted to changes in
the robotic structure (e.g. because of the addition, removal,
or failure of modules). Fourth, locomotion can be adapted
to changes in the environment. This work follows prelim-
inary results in simulation with a slightly different type of
CPG that had shown the potential of the approach for mod-
ular robotics (Marbach and Ijspeert, 2005). We applied our
combined CPG/optimization method at three different robot
structures: a snake conﬁguration with two open parameters,
a tripod robot with six and a quadruped assembly with 5 open
optimization parameters (see Fig. 2 for the CPG implemen-
tation and the mechanical assembly of the quadruped robot).
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Figure 3: Powell’s optimization for the quadruped robot, with ﬁve
open parameters.
We use as a cost function the speed of the robot, based on the
distance covered by locomotion for 8 s. Each evaluation of
the optimization method takes in total 23 sec, we obtain inter-
esting gaits (around 4.5 cm/s) for the quadruped robot within
60min (Fig. 3). The two parameters for adjusting Powell’s
method are not specially ﬁne-tuned but being rather selected
to work for all our robot conﬁgurations.
The above combined approach to generate optimized lo-
comotion patterns on arbitrary modular robot conﬁgura-
tions, using CPGs and a gradient-free optimization algorithm
shows good results for a very small amount of evaluations
(compared to e.g., stochastic optimization methods). This
provides a way for an online learning strategy, running CPGs
and the optimization method in parallel on the real hardware
and in real time. We would like to extend this adaptive loco-
motion learning to changing modular robot topologies (e.g.,
simulated growing, shrinking, possibly removing and adding
limbs) and environmental situations.
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